Abstract-Depth maps captured by the range imaging sensors such as ToF (time of flight) camera and Kinect are stuck with limited spatial resolution and varieties of noises, which makes it difficult to be directly applied to 3D scene analysis. In this paper, we address these issues via an extended weighted mode filter (EWMF). In view of the impressive feature of the noise-aware filter in noise suppression, the proposed method synergistically combines standard weighted mode filter (WMF) and the noise aware filter to achieve a better noise suppression performance. Different from conventional filtering-based methods with a fixed support window, a refined adaptive support window (RASW) is designed. The proposed filter with RASW can well capture local structure details better. Experimental results demonstrate that the proposed method outperforms several state-of-the-art super-resolution techniques in terms of bad pixel rate and root mean square error.
I. INTRODUCTION
Limited by the current imaging technology of depth sensors, it's difficult to achieve a precise and high-resolution depth image directly. Depth maps captured by depth sensors, like ToF cameras are stuck with the spatial resolution and noise. These deficiencies have impeded further applications of similar range sensors. The subject of depth map enhancement and super resolution has attracted more and more attention.
Lots of related research works have been done and previous attempts can be classified into two groups: optimization-based methods and filtering-based methods. In the first group, optimization-based methods can be deemed energy minimization approaches. This category shares similarity that an energy function is designed and minimized. A landmark work was done in [1] . Markov random fields (MRF) ware employed to handle the problem of generating high-resolution range images. The object function they built contains a data and smooth term. After this, many works [2, 3, 4] based on the MRF framework were published. Park et al. [5] described another optimization framework with weight least square (WLS). They expanded the regularization term with an additional edge weighting scheme. Different from the above two frameworks, a novel convex optimization framework utilizing higher order regularization was presented in [6] . The strategy benefited from its parallel mode and ran at a video rate. Among filtering-based methods, a pioneering work is joint bilateral upsampling (JBU) [7] which extended from the bilateral filter [8] . Since then, a series of remarkably filter such as geodesic filter [9] , guided filter [10] and its extended version [11] were presented. Min et al. [12] proposed a weighted mode filter based on the joint histogram for increasing the spatial resolution and suppressing the noise.
Our proposed method is inspired by the weighted mode filter [12] . The main contributions of this paper can be summarized as follows:
• Based on the relation between WMF and JBU in essence, we propose an enlightening proposition that standard WMF and JBU share some special-purpose improvement features.
• Inspired by the noise-restraining mechanism of the noise-aware filter (NAF) [13] , we synergistically combine standard WMF and NAF to improve the noise suppression performance.
• A refined adaptive support window similar to [14] is presented to compute the similarity weight, which is effective to capture local structure details. The rest of the paper is organized as follows: In Section 2, we present a simple revisit from JBU to WMF. Limitations of standard WMF are also discussed in this section. The details of EWMF and RASW are described in Section 3. Finally, we present experimental results and conclusions in Section 4 and 5, respectively.
II. WEIGHTED MODE FILTER
The WMF based on the joint histogram is originally proposed by Min et al. They derived the relation with JBU and point out that WMF seeks global mode on joint histogram by leveraging similarity measure between neighboring pixels in a fixed support region. To better understand the following content, we give a simple revisit of the derivation.
A. A revisit from JBU to WMF
A bilateral filter has two filter kernels, which are known as the spatial filter kernel and range filter kernel for distance measuring. The core idea of JBU is that its range filter is computed from the high-resolution guidance image. That is, a spatial filter ( ) f ⋅ and range filter ( ) g ⋅ are operated at two different resolutions simultaneously. Thus, the result of the filter with a support area N(p) around p is:
where p ↓ and q ↓ denote the corresponding coordinates of pixels in the low resolution (LR) depth map ( ) 
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We slightly adjusted the original WMF to a better comparison. r G (a Gaussian function with smoothing parameters r σ )in original WMF is replaced with two order polynomial. For a pixel p in the HR image, similarity weight between p and its neighboring pixels can be expressed as a relaxed histogram. By seeking the global mode on histogram, the final solution ( )
D p 
at dth bin can be computed as follows:
arg max ,
where a is a constant, ( ) 2
To maximize (3), we take the first derivative with respect to d and get ( )
By solving this derivative equation, we can get a solution share a similar expression with (2). That is, WMF can also be viewed as a variant of JBU. The main difference is WMF selects the optimal solution among all the depth candidates instead of summing all candidates [12] .
B. Limitations of WMF
Although original WMF obtain visually pleasing results, there still remain some matters to iron out.
• Regardless of the multiscale color measure (MCM), the WMF itself doesn't have an adaptive mechanism to suppress noise.
• As a filtering-based method, the support window of standard WMF is fixed. Obviously, it can't realize the optimal weight assignments.
III. EXTENDED WEIGHTED MODE FILTER Aiming at the issues described above, we proposed the extended WMF to improve them. Inspired by NAFDU [13] and its noise-aware mechanism, we combine the standard WMF and NAF to achieve a better noise suppression performance. Also, we design a refined adaptive support window (RASW) to capture local structure details better.
A. Fusion of Standard WMF and NAFDU
To address the above issues, an extended weighted mode filter is presented in the following section. Inspired by the theoretical derivation describing the relation between JBU and WMF, we reason that improvements designed for JBU can be applied to WMF. Before sharing details of EMWF, NAFDU [13] is introduced:
where ( ) 
with the extend weight is computed as follows:
After the fusion of WMF and NAF, beneficial properties of bilateral upsampling in those areas where the color edge cooccurs with the depth discontinuity can be preserved. Meanwhile, the regulatory mechanism can prevent artifacts in those areas where standard WMF is likely to cause erroneous texture copy. The performance evaluation on noise suppression is given in Section 4.
B. Refined adaptive support window
Key factors of the local filter-based methods are the support region and support weight calculation. However, most local methods [7, 8, 10, 11, 12, 13] utilize square supports which are very likely to blur the depth discontinuity. We cite a simple example to illustrate the issue. The original depth map may be contaminated by severe noise, which makes a big change to some depth values in the support window. Standard WMF is no exception, and a fixed neighboring window is employed to compute the weight similarity. Based on the above, RASW is designed with inspiration from cross-based local multipoint filter (CLMF) [14] . In original CLMF, the order of performing horizontal or vertical extension is determined subjectively without available base. Different from previous method, we design a reasonable order based on color similarity. Before presenting the proposed strategy, we reiterate that RASW is designed to ensure depth values of pixels inside the support region are as similar as possible. For the center pixel p , we use the binary mask ( ) 1 M p = to denote vertical extension first. Based on the heuristic assumption that pixels with similar color have similar depth values, ( ) M p can be determined as follows:
where V S and H S represent the custom variance measures how far the pixels in boundary of square window are spread out with respect to the center pixel p .
The next thing is to determine the cross-based adaptive kernel. Four support arms of the corresponding center pixel p are computed based on color similarity. The support arms extend horizontally and vertically until a critical condition is triggered:
where c I is the intensity of the color band c of the 3 3
× media smoothed input image I , q represents a pixel located at the corresponding arm, p W is a square window centered at p with the size of ( ) ( ) 2 1 2 1 r r + × + , τ controls the confidence level of the color similarity.
As shown in Fig. 1(a) , extension is performed horizontally then vertically. Another case is illustrated in Fig. 1(b) 
IV. EXPERIMENTAL RESULTS
In this section, we test the proposed method on the Middlebury benchmark [15] . To evaluate the effectiveness of the proposed method in terms of edge-preserving and noise suppression performance, we compare it with some existing popular methods, i.e. JBU [7] , NAFDU [13] , and standard WMF (WMF) [12] . The root mean squared error (RMSE) [12] and bad pixel rate (BP%) [15] are employed as the indicator for quantitatively assessing the performance . Note that the error threshold of BP is set at 1 and its calculations can reference [15] . We downsample the ground truth depth maps into LR depth maps for super-resolution experiments.
All four methods are implemented in MATLAB and the multiscale color model (MCM) in original work [12] is discarded to merely compare the performance of filter. That is, the sparse original depth pixels mapped into the color camera coordinate and the holes are filled by WMF. In our experiments, the fixed support window is chosen as a10 10 × square patch, the standard deviations in the EWMF are set as: range sigma 2 Table I and Table II. Further experiments are performed to evaluate the effectiveness of the depth value rectification of the proposed EWMF. In follow-up experiments, additive salt&pepper noise (the noise density being 0.01) is added to the datasets. The corresponding quantitative comparison is given in Table III  and Table IV . Note that the superscript of EMWF 1and 2 represent the method utilizing the fixed support window and RASW, respectively. V. CONCLUSIONS In this paper, we first tease out the relationship between weighted mode filter and joint bilateral filter. WMF has the joint bilateral kernel and provides an optimal solution with the help of joint histogram. For the residual issues in original WMF, we have presented the extended WMF for LR depth map super-resolution. EWMF extends previous weighted mode filter with the combination of NAF. The mechanism of noise-aware is grafted onto the original WMF. Different from conventional fixed support window based methods, we design an adaptive refined window inspired by the cross-based multipoint filter. The extension order in RASW is determined based on a custom variance measures how far the pixels in the window boundary are spread out. The EWMF with RASW is more noise-aware than original WMF. Experiment results validate the effectiveness of proposed method.
